Abstract-In this paper Jiles Atherton (JA) Model is used to obtain a mathematical model of the hysteresis in lithium battery. JA Model allows to describe both the hysteresis and the dynamical features of charging and discharging cycles in a lithium battery. The identification of the model is obtained by using a neural network technique developed for magnetic systems. The model is validated on some experimental tests on commercial batteries.
INTRODUCTION
The main purpose of this paper is to adapt Jiles Atherton (JA) model of hysteresis in magnetic material to the description of hysteresis in Lithium battery. JA model is a powerful mathematical tool developed to describe hysteresis in magnetic materials and in this field this model is considered reliable and accurate. It is well known that a reliable mathematical model of batteries is a requisite for a full exploitation of their potentiality in order to develop complex electrical systems. The mathematical model needed varies greatly and its complexity and accuracy is strongly related to the type of application in which the model is required. In applications where the current is roughly constant the mathematical model needed is quite simple, but in systems like cars, tools or smart grid the working condition varies greatly and therefore more sophisticated tools are needed. Especially in these systems it is very important to be able to describe and foresee the dynamic features of the chargingdischarging cycles. Therefore, the estimation of the state of charge (SOC) of the battery is a key task in order to describe its behavior. The description of hysteresis features in batteries has been attempted with several approaches, for example in some papers the model developed uses the concept of equivalent circuit with some parameters added to improve the accuracy [1] , in others the classical Preisach model is used [2] [3] [4] [5] [6] . Classical Preisach Model is a powerful tool to describe static hysteresis but it is not able to grasp the dynamic features of hysteresis phenomenon [3] . However a detailed model of the dynamic feature is very important in many applications and can help to overcome several limitation in the use of batteries [7] [8] [9] [10] [11] [12] [13] [14] [15] In this paper, JA Model, is adapted and used to obtain the dynamical features of hysteresis in lithium battery. This digest preliminarily introduces JA Model and illustrates the adaptation needed to permit its application to Lithium battery. Then, a identification procedure of the model based on Neural Network is presented, finally the model is validated on some experimental results.
II. JA MODEL
The J-A model has the following form: Where: S is the state of charge, H is the applied voltage, c is the coefficient of reversibility of the battery, Sirr is the irreversibile Sate of charge, He is the effective voltage, San is the anhysteretic state of charge, α is linked to hysteresis losses.
S an can be calculated through the Langevin's equation:
where S s is the saturation state of charge, a is a form factor and S irr is defined as follows:
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III. THE IDENTIFICATION PROCEDURE
The identification procedure consists of three steps: A) training; B) submission of data; C) output. The step A is executed separately from steps B and C
A. Training
Training phase aims to build a network, whose input is the hysteresis curve and the output consists of the parameters of J-A Model that better reproduces the hysteresis cycle loop which had been submitted to the network.
The neural network used consists of a three layer neural network: the first layer consists of 25 linear neurons, the second layer of 40 neurons with hyperbolic tangent sigmoid function, and the output layer of 5 linear neurons. The input is made up of a 32-component vector. The first layer makes a linear reduction from the high dimension input space to a slightly lower 25-dimension space. The output of the first layer is therefore the feature vector that sums up the most relevant characteristics of the input space and is strictly connected to five relevant properties of the hysteresis loop. The 40 neurons of the second layer neurons allows to store a number of parametric curves equal at least equal to 1000. The output layer is made up of 5 neurons which are the free parameters of J-A model that most suitably permits to produce the inputs. In Fig.1 it is shown shows how the network works.
The training set is made of 243 vectors. Each input vector has 32 coordinates, while the target vectors are defined on a 5D space. The 32 coordinates are the ordinates of a first order reversal hysteresis curve obtained under sinusoidal excitation. The excitation amplitude is the same in all cases and all the transients have died out. Each input vector was computed by inserting in eqs 1, 2 and 3 a unique set of parameters.
In the end The the Levenberg-Marquadt algorithm has been used for the training phase
B. Submission of Data.
Each input vector belongs to a 32D space and is made up of the the ordinates of a hysteresis loop. Hysteresis loop data must spans the same interval spanned from the vectors used in the training phase.
C. Output of the Results
The output of the network consists of five parameters. They represent the parameters of the J-A model that is associated to the presented loop. These numbers are the interpolation of the network to the best value that it is able to output to describe the presented hysteresis loop.
IV. EXPERIMENTAL RESULTS
In order to verify the ability of the model to describe the dynamic behavior of charging discharging cycles, in this digest a 1 A charging discharging cycle is shown in fig.1 . The cycle applied to the battery has the same features of one of those reported in [1] . The experimental cycle was submitted to a previously trained network which gave as output the five parameters to be used in the JA Model to reconstruct the cycle. Fig.1 shows how the proposed approach is able to describe the dynamic features of the cycle. The error is within 5%. In the paper several other cycles will be shown. The work reported in this digest shows how JA can be a useful mathematical tool to describe the dynamic behavior of Lithium battery. In the paper several other experimental evidences will be given and a real time SOC strategy based on JA will be presented.
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